In this paper we propose a novel video segmentation algorithm that is capable of reliably detecting both types of dissolves in addition to cuts and wipes based on the analysis of spatio-temporal behaviors of Joint Probability Images (JPIs). Experimental results for identifying scene transitions in various video clips that contain moderate and significant amounts of movements are demonstrated. 
INTRODUCTION
Video segmentation is a preprocessing step for video analysis and indexing. Detection of scene transitions concerns itself with locating boundaries between clips of different visual contents from a raw video. Reliable video segmentation is crucial for ensuing video analysis tasks. Most existing methods for scene change detection are based on low-or intermediate-level visual cues such as color histogram, edge map, texture, and motion vectors.
Several color histogram-based algorithms, e.g., [ 11, have been proposed where clear scene cuts or special effects are claimed on the color histogram difference of a series of video frames. Zabih er al. [2] described an edge feature based algorithm where scene transitions are detected based on the emergence or disappearance of edges. To address the issue of global illumination variations inside one clip, we [3] developed a normalized chromaticity based algorithm which can detect scene changes via a binary search with valuable effectiveness and efficiency. Ngo, Pong and Chin [4] presented a spatio-temporal method for gradual scene changes. Spatially, a stripe (or often a row or column) from each video frame is extracted. With time, the stripes form a spatio-temporal image, i.e., the video slice. Good results were obtained by using a Markov energy model to locate the trajectories of wipes in the spatio-temporal image. For dissolves, the variance in the slice will change and form a concave upward parabola. However, it appeared to be evasive.
Constrained by the visual cues employed, so far most scene change detection methods can only report that either a clear cut or a gradual transition is present. A reliable method for detecting dissolves is still lacking. is the value of the joint probability of an intensity value X I in image 1 and an intensity value Xz in image 2. Apparently, the "intensity" (mass) in A corresponds to the frequency of the co-occurrence of X I and X2 in images 1 and 2. As depicted in Fig. 1 , the JPI of two images with exactly the same visual contents is a diagonal line, while at another extreme two entirely unrelated images will generate a JPI of uniform intensities.
In this paper, spatio-temporal JPI (ST-JPI) will be defined and exploited to deal with scene changes, especially the different types of gradual transition such as dissolves and wipes. The video segmentation algorithm can either use only luminance images or a combination of luminance and chrominance images.
DETECTING DISSOLVES USING
We will start with some observation of dissolve transitions. Type I (cross dissolve) can be defined by
where A and B are the 2-vectors for video A and video B.
Here, a ( t ) is a transition function, which is often linear: a(t) = IC . t , with IC .t,,, 2 1.
(2)
Type I1 (dither dissolve) is entirely different. Determined by a(t), increasingly more and more pixels in video A will abruptly (instead of gradually as in Q p e I) change to video B. The positions of the pixels subjected to the change can be random or sometimes follow a particular pattern.
Spatio-temporal JPI's during Dissolves
In this paper, the JPI's are formed by comparhg two frames in the video. JPIo,t is from the 0th frame and the one that is t frames behind. As in Fig. 1, JPI0 ,o only has nonzero entries along the diagonal, whereas JPlqt will have a much more uniform distribution if there is a scene change. 
The mass M will be split (dispersed) into k pieces in otherwise.
J~~O , O ( P O , P ) = 0
JPIo,T written as In Type I1 dissolve, the size of each mi increases following the function a(t); however, their trajectory on the ST-JPI is a horizontal line. (See Fig. 2 .) In summary, Type I dissolve: fort > 0, Denote JPIo,t(p) as the row on the ST-JPI for IA = p at time t, and JPIgrfd(p) as the predicted row at corresponding position and time, then an error term A(p) can be defined to measure the quality of matching between the predicted row and the actual row,
where 8 is a pattern matching operator that simply returns the Mean Square Error (MSE) for the differences between the entries of the two rows. 
p=o
In our implementation, the pattern matching in Eq. 10 is achieved by histogram intersection in which each row of numbers is viewed as a histogram. It is argued [6] that the histogram intersection result is equivalent to (1 -6), where 6 is an L-1 difference between the two histograms, and it is more robust (less noise sensitive) than the MSE. To speed up the process, we also reduce the number 256 in Eq. 1 I to s (e.g., s = 32 or 8). Namely, the JPI image is sliced into s segments. For each segment, a composite histogram and its predicted counter-part are constructed. They are then intersected and later averaged according to Eqs. 10 and 11.
Video Segmentation Algorithm
We define a simple measure m ( J ) for quick browsing to find segments of potential scene changes so that a careful video segmentation algorithm can be applied. The set S of pixels in a JPI J whose distance to the diagonal line is less than 6 d can be defined as { ( i , j ) : abs(i -j ) < 6 d ) . In our experiments bd is chosen to be 5. Given that the sum of intensities for all pixels of J is S U~J = 1, m(J) can be defined as below:
As can be seen from the above definition, its value ranges from 0 to 1, and a smaller magnitude of m( J ) indicates two video frames of less similar contents. If the samll m ( J ) is from two frames, say one second apart, it suggests a scene change (cut, wipe, or dissolve) has occurred within the interval,
Video Segmentation Algorithm:
Check m( J ) for pairs of images At and The video segmentation algorithm is presented above, where T is a pre-selected threshold, e.g., T = 0.7. Inielse return(); tially, a pair of images separated by 32 frames is examined. After a potential scene change is detected, a fast binary cut-detection procedure as in [3] will be called to check whether there is a cut between two adjacent frames within this 32-frame interval. If a cut is not found, then a dissolvedetection procedure based on the pattern-matching method described above is called to check the possible type of dissolve. At present, the algorithm will yield the same result for Type I1 dissolve or wipe. In [7] , we report that a color histogram intersection method can distinguish wipes from other scene transitions more reliably than Ngo, et al. [4] .
EXPERIMENTAL RESULTS
Several clips of digital video (shown in Fig. 3 ) are generated by use of Premier's special effect editing functionalities to test the efficacy of the proposed ST-JPI based algorithm for dissolve detection as stipulated in the preceding section. For viewing convenience, all dissolves take place between Frames 30 and 60 in the clips.
As illustrated in Fig. 4 , in 'typical' or 'better' cases, the algorithm works very well for both types of dissolves. When the actual patterns and the predicted patterns match during the period of dissolve, the aggregate error A in Eq.
11 is small, the histogram intersection result approaches to one as it ought to be; outside of the dissolve period, the resulting number is significantly lower (actually it is often close to 0). In the so called 'worse' cases, this contrast is not as great. This is because, the dissolve models specified by Q. 1 works extremely well when frames in each of the two videos A and B do not change and hence the dissolved frames can be accurately predicted. When the image content of a large portion of A and/or B changes drastically (which is often the case when large portions of the images move rather quickly), the models for both dissolves become less reliable. The situation is exacerbated in Type I1 dissolve since pixel values change abruptly, and ideally they should stay unchanged afterwards. The significant image content change caused by camera or object motion could significantly violate this assumption.
We have also tested several longer video clips that contain scene transitions such as cuts ( C ) and both types of dissolves (DI and DII). Fig. 5 depicts the video segmentation result of one such test, the frame numbers above the t-axis indicate the duration of the transitions.
CONCLUSION
In this paper, based on the analysis of the spatio-temporal behaviors of Joint Probability Images (JPIs), we propose a novel video segmentation algorithm. It is shown to reliably detect both types of dissolves which is known to be difficult. [I] H.J. Zhang, A. Kankanhalli, and S.W. Smoliar, "Automatic partition-
